Environmentally-extended input-output (EEIO) Life cycle assessment Sustainable materials management Data quality assessment Product hotspot analysis Streamlined life cycle assessment a b s t r a c t National-scope environmental life cycle models of goods and services may be used for many purposes, not limited to quantifying impacts of production and consumption of nations, assessing organizationwide impacts, identifying purchasing hotspots, analyzing environmental impacts of policies, and performing streamlined life cycle assessment. USEEIO is a new environmentally-extended input-output model of the United States fit for such purposes and other sustainable materials management applications. USEEIO melds data on economic transactions between 389 industry sectors with environmental data for these sectors covering land, water, energy and mineral usage and emissions of greenhouse gases, criteria air pollutants, nutrients and toxics, to build a life cycle model of 385 US goods and services. In comparison with existing US models, USEEIO is more current with most data representing year 2013, more extensive in its coverage of resources and emissions, more deliberate and detailed in its interpretation and combination of data sources, and includes formal data quality evaluation and description. USEEIO is assembled with a new Python module called the IO Model Builder capable of assembling and calculating results of user-defined input-output models and exporting the models into LCA software. The model and data quality evaluation capabilities are demonstrated with an analysis of the environmental performance of an average hospital in the US. All USEEIO files are publicly available bringing a new level of transparency for environmentally-extended input-output models.
Introduction
In the report "Sustainable Materials Management: The Road Ahead", the United States (US) Environmental Protection Agency (EPA) defined sustainable materials management (SMM) as "as fulfilling human needs and prospering while using less materials, reducing toxics and recovering more of the materials used" (USEPA, 2009a) . This definition transcends historical material management lenses focused on single impacts (e.g., climate change), single lifestages (e.g., use, waste), political boundaries, or efficiency. To identify opportunities for reducing environmental impacts, material use and waste generation across the spectrum of goods and services consumed in the US, life cycle assessment was identified as the most appropriate framework. However, the methods typically used for LCA of single products are not scalable or practical to do a full economy analysis that includes product-level detail, given the lack of life cycle inventory data for all products or services consumed in the US (Huppes et al., 2006) . Another method of generating life cycle inventory data that uses readily-available economic input-output data to model a network of goods and services is environmentally-extended input-output (EEIO) analysis (Tukker, 2006) . The "Road Ahead" report used an EEIO model to perform an initial analysis of US goods and services for 2002.
EEIO analysis has become widely used in broad-scope studies of the environmental impacts of production and consumption by societies, such as total consumption in the US (Kucukvar et al., 2014) , dietary consumption in Italy (Pairotti et al., 2015) , and general world consumption patterns (Pascual-Gonz alez et al., 2015) . It incorporates environmental data into the Input-Output (IO) framework (Leontief, 1941) , and enables calculation of direct and indirect environmental impacts of economic activities or products (Hendrickson et al., 2006) . EEIO models have been developed for many countries, including the US, such as CEDA (Suh, 2005) , EIO-LCA (Hendrickson et al., 2006) , Eco-LCA (Zhang et al., 2010) , and openIO (Cox and Norris, 2011) ; China, such as Yang and Suh's model (2011) and CEEIO (Liang et al., 2016) ; Japan (Nansai, 2009) ; Australia (Lenzen, 1998) ; and the Netherlands (Kerkhof et al., 2009 ). There are also global EEIO models that include multiple countries or regions of the world, including Eora (Lenzen et al., 2013) and EXIOBASE (Tukker et al., 2013) .
In addition to being able to provide a national level overview/ hotspot analysis to inform SMM, the EPA SMM program has needs including (1) providing meaningful analyses of states or communities to identify more localized opportunities for SMM and (2) helping organizations identify their own environmental hotspots. Numerous methods have been described for organization and institutional analyses using EEIO, related to topics such as GHG Protocol Scope 3 emissions (Huang et al., 2009) , supply chain hotspot analysis (Pelton and Smith, 2015) , and corporate sustainability benchmarking (Wiedmann et al., 2009 ). EEIO models have been used for subnational scale analyses in the US (Brown et al., 2009) and for purchasing analysis for US government procurement (SRA International and IERS, 2014) . These precedents suggest that these additional SMM-related needs for providing quantitative detail on subnational and organizational scales can be at least partially addressed with an EEIO model. Along with multiple types of applications, using an EEIO model to support SMM decision making is anticipated to be an interactive process that a static model application described by a report would be insufficient to address. SMM-related policy development brings together decision makers and stakeholders from industry, communities, and various levels of government, all of which have their own motivations and objectives.
An EEIO model that can meet the multiple applications and interactive uses envisioned by EPA's SMM program must meet the following criteria.
1. Transparent. The underlying data must be transparent to support examination in close detail and the quality of these data should be clearly described. 2. Reproducible. The generation of the model must be reproducible to allow for efficient modification and customization. 3. Open. The model and data need to be open and freely-shareable to enable widespread adoption and customization for more specific applications. 4. Up-to-date. Models must reflect current conditions to the extent possible for the results to be relevant to decision making.
Meeting these criteria poses a challenge for EEIO models. In general, EEIO models suffer from a lack of data transparency (Lutter and Giljum, 2014) . For any decision, it is important to understand the quality of the data. Unfortunately, this is another issue with EEIO models because the satellite tables assembled are often from assorted data sources, such as surveys and model simulations, with varying degrees of quality and uncertainty. Data quality in most EEIO models has thus far been limited to qualitative description. Although the process of data compilation may be documented, details on how some of the values have been exactly estimated are often missing. As a result, EEIO model estimates are generally hard to reproduce, with some exceptions for simpler EEIO models with fewer industries and emissions represented (Peters et al., 2006) . Another requirement for an EEIO model to support SMM is adequate temporal representation. It is difficult to have meaningful conversations about the impacts of production and consumption if the underlying data significantly misrepresent the status quo, especially for industries that experience rapid changes. EEIO models are generally not up-to-date, mainly because it takes government agencies several years to update the IO tables and partly because some environmental data may be unavailable for more recent years.
Perhaps the three most used EEIO models of the US are the Comprehensive Environmental Data Archive (CEDA ® ) (Suh, 2010) , The Economic Input-Output Life Cycle Assessment tool (EIO-LCA) , and Open IO (Cox and Norris, 2011) . Although each of these models fulfills some of the requirements for an EPA SMM EEIO model, none completely satisfies all the needs. CEDA is a comprehensive EEIO model representing the year 2007 after its latest update, although versions that are more recent are in preparation. The CEDA data and model are proprietary and not conducive to open sharing and modification. EIO-LCA utilizes opensource data, but has not been updated beyond 2002 and covers only a small number of emissions. Open IO is a unique model that relies on publicly available data and adds consideration of the use phase based on 2002 data. However, the model is no longer supported or actively updated. In all three cases, formal description of data quality is lacking, and some recently available data sources have yet to be incorporated to make the models more complete.
Given the limitations with existing EEIO models of the US, successful creation of an EEIO model for EPA SMM-related needs requires the development of a new EEIO model that satisfies all of the specified requirements. Within the spirit of other recent efforts to achieve more transparency in industrial ecology (Pauliuk et al., 2015) and in keeping with the US federal governmental Open Data Directive (Orszag, 2009) , the objectives of this research are to: (i) develop and document a transparent EEIO model of the US that reflects current conditions; (ii) analyze the quality of data in the resulting model; (iii) demonstrate the utility of the new model for an example SMM decision application; and (iv) distribute the model in ways that it can be easily used and reproduced. The resulting model will be referred to as USEEIO. This name was chosen to signify that this is a United States EEIO (US-EEIO) model and that it is intended to be as transparent (U-SEE-IO) and useable (USE-EIO) as possible. The details described in this article, the supporting information (SI) files, and the data files themselves will enable users to examine how the economic, environmental and life cycle impact assessment data from the different sources were collected, processed, and harmonized, how its data quality was evaluated, and how the model was then assembled. A summary of the resulting model and an example application to good & service hotspot analysis are then given.
Materials and methods
Given its potential role in informing policy decisions, USEEIO seeks to reflect, to the extent possible, the current life cycle environmental impacts of products and services. The process of building USEEIO first involved an examination of existing models, assembly and preparation of the best available data, evaluation of its quality, determination of impact methods, and development of a program for model assembly and calculation.
Evaluation of other EEIO models of the US
In effort to learn and build upon prior work, existing EEIO models of the US were evaluated. The team compared both documentation and the models themselves for two models, openIO and CEDA, in formats that could be evaluated both qualitatively and quantitatively. Both the documentation and the model sources were used to identify the sources used for calculations. The models were harmonized with the reference flow list for openLCA 1.4 (GreenDelta, 2014) , and then transferred into a format (openLCA JSON-LD) for import into openLCA software to enable quantitative comparison between the models. For the quantitative comparison, life cycle impact assessment (LCIA) results were calculated with the same impact assessment method and for the same final demand. The original files for openIO (one version) and two versions of CEDA 4.6 were available ('a' and 'b') and for this analysis, CEDA v4.6a was used.
Data compilation for USEEIO
An EEIO model consists of two types of data. One is economic data in the form of IO tables, which record monetary transactions between industries and reflect their interdependency. The transactions between industries become the technosphere flows in the life cycle inventory data. The other is environmental data compiled into what are referred to as satellite tables (Rebitzer et al., 2002) , the name of which comes from national environmental accounting systems and in which the amounts of resource use and emissions by industries are recorded. These become the elementary flows in the life cycle inventory. IO tables are often provided by the economic agencies of a country. Thus, developing an EEIO model is mostly a process of compiling environmental satellite tables in accordance with sectoral definition in IO tables. This process can be strenuous as it may involve collecting, processing, and harmonizing a large number of datasets from various sources (Suh, 2005) . In some cases, data may be unavailable and need to be estimated from non-statistical sources, such as models (Yang and Suh, 2011) . In other words, compilation of environmental satellite tables for an EEIO model may be filled with detailed modeling, assumptions, and expert judgments. For USEEIO, the most current economic and environmental data available were identified and combined in as transparent a fashion as possible.
Economic data
Detailed input-output data describing transactions between sectors at a fine level of detail are needed for an IO model that can distinguish between the different commodities to create unique sector and commodity profiles. The most recent IO tables at the detailed level (389 commodities by 389 industries), compiled by the Bureau of Economic Analysis (BEA), are for year 2007 in the form of "Make" and "Use" tables. Use and Make tables are a slight variant of the standard IO tables and were developed to account for secondary products (Miller and Blair, 2009; Stone, 1961) . In this case, input-output coefficients derived from the detailed level BEA 2007 IO tables were used.
The 2007 Make and Use tables were available "before redefinition" and "after redefinition." "After redefinition" tables reflect adjustments made by the BEA to reallocate output of particular industries that should reflect output in another industry (Horowitz and Planting, 2006) . For USEEIO, the determination was made that the majority of environmental data, as reported in environmental data sources, most likely reflect the original industries where an activity occurs, more in line with the before redefinitions approach. Therefore, USEEIO used the "before redefinitions" tables.
Four models for the direct requirement coefficients matrix, or technology matrix (A), can be derived from the Use and Make framework (Miller and Blair, 2009 ), i.e., the industry-by-commodity model, the commodity-by-commodity model, the industry-byindustry model, and the commodity-by-industry model. The most relevant for SMM-related analysis is the commodity-bycommodity model given that SMM is concerned mostly with products and services and their associated materials (USEPA, 2009a) . The commodity-by-commodity model delivers different results depending on assumptions regarding how secondary products are produced. Two major assumptions pertain to the industry and commodity technologies. The former assumes that all commodities produced by an industry have the same input structure, while the latter assumes that a given commodity has the same input structure wherever it is produced . The current version of USEEIO is based on the industry technology assumption that all commodities produced by an industry have the same input structure. The IO tables contain a sector called "Scrap" which captures industrial by-products created by an industry. No sector produces scrap for its own sake, so the scrap commodity is removed from the table using the BEA "scrap adjustment" procedure (Horowitz and Planting, 2006) . Detailed equations for constructing the model with this assumption from the Make and Use tables are presented in SI 1. The result is an economic model of total requirements to make 385 commodities, 2 or goods and services.
Environmental data
Environmental data for USEEIO include greenhouse gas emissions, criteria air pollutants, toxic chemical releases to water, air, and soil, nutrient releases to water, and use of land, water, energy, and mineral resources. The sources for all these datasets are summarized in Table 1 . All primary data sources are regularly compiled by US federal government agencies to summarize national economic use, resource use, and emissions.
Details of how each of these sources was used to derive the respective satellite tables are provided in SI 1. In the case the source reported the amount of a chemical or resource applied and not emitted (primarily for agriculture), the modeling approach used to estimate emissions is described. Because some of the data sources can include reporting of the same environmental flows, additional procedures were put in place to avoid duplication by consulting with stewards of the sources and selecting the preferred data. A standard template was developed for collecting and processing the satellite table data, and it is a variant of the Federal LCA Commons unit process template (Cooper et al., 2015) . The templates are generally structured with the final tables being in the form of a list of exchanges with an environmental flow, its amount, and the industry sector to which it is attributed, along with data quality information, sources, and comments. Often the same environmental flow will be listed with the same sector in multiple exchanges if other information regarding the flow differentiates it, such as location (e.g., state), data quality, or data source. The number of exchanges in a given satellite table can vary from 100s to >100,000, depending on the level of detail used to compile the original data. All exchange amounts are normalized to one 2013 USD industry output, thus in the form of a physical unit/$. The year 2013 was chosen because it was the most recent year that most of the environmental data were available when the team began preparing the satellite tables. The template allows the satellite tables to be exported into a standard csv format. The templates for each satellite table and supplementary files are available through the EPA Environmental Dataset Gateway (USEPA, 2016c).
Life cycle impact assessment data
USEEIO is provided with matching LCIA characterization factors based on the full suite of impact categories in the TRACI 2.1 LCIA 2 Four commodities from the 389 in the BEA make and use tables cannot be modeled because they exist largely as accounting measures: non-comparable imports, used and secondhand goods, rest of world adjustment and scrap (removed in scrap-adjustment procedure).
methods (Bare, 2012) along with additional methods that sum up resource use for land, water, and energy use. More details on matching the model flows with impact assessment methods are available in SI 1. The version of the LCIA methods used is available along with the model datasets on the EPA Environmental Dataset Gateway (USEPA, 2016c).
Data quality assessment
Data quality assessment is important for understanding the limitations of models, where they can be improved, and how they can be interpreted (USEPA, 2009b) . EPA has recently developed a guidance document on data quality assessment for life cycle inventory data . Use of the data quality assessment procedure described in this guidance document was demonstrated in a case study of acetic acid production (Cashman et al., 2016) . For USEEIO, this same method was followed, where data quality scores are assigned at the level of the individual flow (>224,000) as well as at the level of the process (389). Following this procedure, flow level data quality was scored for each flow in the satellite tables as well as the inputs of commodities for each of the five criteria: flow reliability, temporal correlation; geographic correlation; technological correlation; and data collection methods. The criteria require the establishment of data quality goals. The goals for the development of each of the models for the 389 sectors were to capture complete inputs and outputs for each sector representing average US facilities and technologies. The approach to flow-level data quality scoring of each of the primary data sources can be found in SI 1. Process completeness is a process level indicator that reveals the extent to which each of the processes contains a complete set of inputs and outputs including all resources, purchased products and services, products and co-products, emissions and other wastes that are necessary to connect a process to others to complete the life cycle and to enable calculation of impacts across all the impact categories. To determine process completeness, a standard process completeness evaluation form based on the EPA LCI data quality guidance was prepared for broad sector classes -agriculture, energy, mining, and others. Each of the 389 final sectors was evaluated for process completeness using the corresponding form. As part of this analysis, presence or absence of emissions captured in the satellite tables was determined for each sector (e.g., were water use or criteria pollutants present in the sector?). The process completeness scoring chart used can be found in SI 1.
Model assembly and calculation
Assembling the various data components of EEIO models and performing model calculations is computationally-intense. There is a need for capabilities to quickly build individual datasets, to build alternate versions of the model, and to validate that all the datasets used correspond to create a harmonized model. These procedures need to be easily repeatable. A decision was made to develop a software program to enable advanced users to construct this and other EEIO models. Program requirements included free and opensource availability, acceptance of user-created CSV files with predefined formats, operating system independence, inclusion of matrix math libraries, a stable development environment and active community, permitted use of natural syntax for easily shared coding, the option for a graphical user interface, and the ability to export processes in a standard LCA exchange format. In the end, Python was selected as the language/platform that best satisfied all the requirements. A Python module called the Input-Output Model Builder (iomb) was created to assemble the model and perform model calculations. LCI and LCIA results were calculated with the IO model builder using two perspectives, a direct perspective that associates all inventory/impacts in the sectors in which they occur, and a final perspective that embeds all inventory/impacts in the final goods and services that are consumed (the typical life cycle approach). The iomb functions are summarized in SI 1. A Python Jupyter notebook was used as a graphical interface to build and analyze USEEIO using the iomb. Results were exported into csv files for further analysis. The source code and documentation for the iomb are available at https://github.com/USEPA/IO-Model-Builder/.
Results and discussion

USEEIO model summary and data quality results
The total number of data points processed to build USEEIO was approximately 9,000,000 (see source summaries in SI 1). The majority of these data points are individual facility reports compiled in the National Emissions Inventory, Toxic Release Inventory, and Discharge Monitoring Report. The environmental data points were processed to create exchanges of resources or emissions by sector, of which the satellite tables have approximately 223,000. Fig. 1 describes the environmental data coverage of each of the 385 commodities grouped by type of resources or emission. Land, water, energy, criteria pollutants, and GHG emissions occur in production of nearly all commodities. Minerals are only extracted directly to make mining commodities but are associated with some other manufacturing commodities that the mining industry produces as co-products. The release of toxics and, to a smaller extent, nutrients is not associated with many of the services. The small gaps in the release of toxics to water and soil for agriculture commodities are for beef and dairy cattle production.
Aggregate flow level data quality scores depend on the life cycle inventory. Assuming the independent output of $1 in all sectors, aggregated data quality scores were calculated for all flows (see SI 1). Scores for selected flows are provided in Table 2 . The same flow is typically present in many sectors, sometimes with unique data quality, and therefore average and standard deviations of the data quality scores are calculated for these flows. A complete table along with all other results presented in this manuscript is available in SI 3.
The flow level scores for intermediate, or technosphere level flows, reflect the data quality of the direct requirements derived from the IO tables. All scores were evaluated of the highest quality (1) because of the reliability, high geographical (all of US) and technological correlation (by NAICS sector) and completeness of the economic census data on which they are based, except for the temporal correlation score, which was assigned a '3', due to the age of the data.
Reliability varies within each source based on how values were determined. The data reliability scores reflect that the mineral and fossil fuel energy flows are solely based on verified measurement (the best score of 1). The selected flows from TRI and for pesticides may be documented estimates, suggesting lesser reliability. N&P flows, criteria air pollutants, land occupation, GHG emissions and water use generally have average reliability. Temporally, nearly all of the selected flows with the exception of the land flows are within 6 years of the target year (2016) of the model. All sources have high geographical representativeness because they are either based on discrete sources reporting across the US or they are based on average US conditions. A number of the sources, including the GHGs, land and water, have emissions factors for some sectors that are based on mixed technologies, with assumptions that a particular emission data point applies equally across technologies in different sectors. In this case, this weakens the ability to truly distinguish between sectors where additional technology-specific data were unavailable. The extent that the data are based upon complete coverage of a sector is reflected in the data collection score. Resource uses are generally based on more complete data. The method used for the data collection score for the source where individual entities reported and were aggregated (NEI, TRI, DMR for N&P) was to compare the number of entities reporting with the total number of establishments for that sector as reported by the US Census. Using this method it appears that the flows from these sources represent 70% or less of the establishments in those sectors (see supporting satellite table data files for details). What these selected values do not show is the variation in data quality scores within a source across sectors. In general, there is more estimation, poorer technological correlation and less data collected across the service sectors than primary sectors such as electricity. Table 3 provides a summary of environmental data types included in openIO, CEDA v4.6, and USEEIO. In some cases, documentation of openIO and CEDA v4.6 were not sufficient to determine the year of the data sources. The environmental sources used by openIO and CEDA were largely the same for GHG emissions, criterial and hazardous air pollutants (CAPs and HAPs), water use, primary energy use, and agricultural and land use. USEEIO incorporates a number of the same primary data sources, but for a more recent year. USEEIO includes environmental data not included by the other models, notably nutrient releases from industrial sources, quantifications of water returns, renewable energy, minerals use, and land use for non-primary sectors. CEDA contains some other flows for harvested goods and waste not included in other models, but which do not correspond to known impact methods.
Comparison with existing models
Quantitative comparison results of CEDA and openIO are included in SI 2. USEEIO was not quantitatively compared to the other models because it is based on a different reference year. Although it is not possible to ascertain which model is more accurate, it is clear that despite using the same environmental data sources for creating the satellite tables like those for the GHG and the criteria and hazardous air pollutants, there are significant differences in the results between openIO and CEDA (SI 2). These differences could be due to allocation of emissions to sectors or differences in the use of the primary or secondary sources. The model documentation was insufficient to understand the nuances in creation of the satellite tables to further ascertain what led to these differences, as the original files in which the satellite tables were made are not publicly available or sufficiently described.
An example use of USEEIO e good & service hotspot analysis
Organizations without extensive knowledge of their supply chain environmental performance may be interested in first performing a "hotspot" analysis to determine in which categories the commodities they produce may have greater relative environmental impact, whether these impacts occur from their direct emissions or use of resources or whether they are embedded in their purchases, and what types of purchases are associated with which impacts. This knowledge could assist in prioritization of impacts and associated activities or purchases that could potentially be modified to reduce those impacts.
Hospital services are services not commonly associated with direct environmental impacts in comparison with primary sectors. But the final demand for hospital services is the third highest amongst the 389 sectors included in USEEIO, and these purchases drive significant environmental impacts, as it was ranked 9th in the Road Ahead report from the final consumption perspective (USEPA, 2009a). Thus, it provides a rich example which proves USEEIO can be used to assess life cycle impacts of an average service.
A hotspot analysis for hospital services could be conducted in the following series of steps using USEEIO, illustrated in Fig. 2 and described below.
Step 1. Determine impact categories of concern. Final perspective LCIA results are calculated for total US private consumption expenditures in 2013 (see Eq. 10 in SI 1). A process contribution analysis is performed to show the proportional contribution of each of the 389 sectors to each impact category score. The results may be used to understand which impact categories are "hotspots," in that for certain impact categories the impacts are higher relative to other sectors. For hospitals, it appears that Acidification, Water use, Global warming potential, Human health toxicity e non-cancer, Human health toxicity e cancer, Land use, Energy use, and Smog formation are relatively higher than the others (Fig. 3a) .
Step 2. Determine what proportion of impacts is derived from on-site operation versus purchases.
Step 2a (13); M e mining and energy (8); Util e utilities (3); C e construction (12); Manufacturing (237); Services (107); Gov e government (5). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) Table 2 Flow data quality scores for 2013 US life cycle inventory totals for selected flows. Note: Scores in the form of mean (standard deviation). 1 is the best quality score and 5 is the worst quality score.
performed for 1 USD demand for the hospital sector with the A matrix (Equation 3 in SI 1) set equal to unity to calculate only direct hospital sector impacts of 1 USD demand.
Step 2b. To estimate impacts of purchases associated with 1 USD impact, the column of the direct requirements matrix representing purchases for output is used as the demand vector, y, and final perspective LCIA calculation results are performed.
The impact category totals are summed from step 2a and 2b, and ratios are created. For hospitals, purchases embed more impacts than direct operations at the hospitals for all impact categories (Fig. 3b) .
Step 3. Determine which purchases lead to the most impacts in the hotspot categories.
For a selection of the impact categories identified in step 1 -GWP, Land, and Water (Fig. 4) -a process contribution analysis is performed for the result from Step 2b. The 389 sectors are aggregated into purchase categories that are more understandable to an end user. The electricity purchase embeds~38% of water use and 30% of GWP. Purchases of industrial equipment embed a significant portion of water, GWP, and land use (12%, 14%, 15%). A number of other smaller supplies and services contribute portions to the impact categories, like food and food services, plastic/rubber and nonmetallic mineral products, and technical, administrative, rental, and medical services.
An expert may want to inspect or audit the above results in more detail. For instance, it may be of interest to understand the particular processes that lead to impacts of interest, the environmental flows (resources or emissions) responsible for those impacts, and then to understand the sources of the data and associated data quality of these estimates. Additional steps can support this form of detailed inspection.
Step 4. Determine which sectors and environmental flows are responsible for the direct impacts for hospitals.
Step 4a. A direct perspective LCIA result is calculated for 1 USD demand for hospitals. A process contribution analysis is performed on this result. For GHGs for hospitals, the electricity sector contributes~50% of the direct impact. Direct emissions from hospitals contribute 9%, which is seen in Fig. 3b . For land use, beef cattle ranching and forestry contribute 45% and 31%, respectively.
Step 4b. For sectors with high direct impact in the category of interest, determine which flows contribute to impacts.
For the sectors that contribute the most direct impact to the impact category of interest, perform a final perspective calculation for 1 USD demand for that sector, with the A matrix set to unity to zero out indirect emissions. Then for that result, perform a flow contribution analysis. For direct GHG emissions in the electricity and hospital sectors, it appears that CO 2 emissions dominate the results. For direct land use in the beef and cattle ranching, 'Occupation, pasture and meadow' and 'Occupation, forest' are the dominant flows.
Step 5. Determine the origin and sources for the environmental flows of interest.
Determine the appropriate source satellite table files for the flows of interest (links to satellite table files can be found in SI 1). The 'Exchanges' can be filtered or searched for the sector and emission of interest. The GHG Satellite file shows the carbon dioxide flows for the electricity sector and hospitals sectors are from 2013 data from the US EPA Greenhouse Gas Inventory. The electricity sector data quality scores for CO 2 are {2,1,1,1,1} 3 , indicating good reliability and excellent temporal, geographical and technological correlation and sector coverage. The hospital sector has the CO 2 flow data quality scores {4,2,1,4,1}, representing less reliability, temporal and technological correlation than for the electricity sector. The GHG SI file can be further examined to see the calculation details for an environmental flow, and in this case can identify why the data quality of the hospital CO 2 estimate is poorer than for electricity. For hospitals, it reveals the CO 2 emissions come from data reported for total US commercial combustion CO 2 emissions for coal, natural gas, and petroleum. These emissions are allocated across the commercial sectors according to their use of these fuels in the Use states (MT, NM, WY, OK). The source for these flows is the USDA agricultural census and the data quality scores {2,3,1,1,1} reveal these data to be very reliable although moderately old (2007) . For the forestry occupation of forested land, two exchanges are found, one for federal land and one for non-federal timberland. The data scores are the same as that for the previous flow {2,3,1,1,1}, but the data source for land occupied is the Major Uses of Land. In both cases, the original data for these land uses with their original names in the sources can be found in the satellite table file. This example of a sector hotspot analysis is only appropriate for characterizing an average hospital, but could be tailored to a specific hospital using hospital-specific environmental performance data (e.g., water and land use, emissions) and purchases.
USEEIO, assembled and used with the IO Model Builder, can provide this type of analysis for each of the goods and services in the model along with extensive and detailed process and flow contributions for any results found within the result analysis. The source of the data points that influence the analysis results can be found through inspection of the flow details in the satellite table files and data quality scores for those data points can be scrutinized as well as more details found regarding the original data. Furthermore, the model can be exported in JSON-LD format from the IO Model Builder and imported into openLCA software. Fig. S1 in SI 1 presents screenshots of USEEIO in openLCA. In LCA software, the USEEIO processes could be used to generate results on their own, or linked to process LCI as a background database to create hybridized life cycle inventory models. The availability of the model in this standard LCA format along with metadata documentation addresses some of the needs previously expressed for harmonization of traditional process LCA and EEIO LCA data (Schuerch et al., 2012) .
Reflecting current conditions and uncertainty
Despite the temporal inconsistency between IO tables and satellite tables, the model may provide adequate estimates of commodities' cradle-to-gate environmental impacts in more recent years, such as in 2013 as demonstrated in the hotspot analysis example, if the structure of the economy as defined in the Make and Use tables is determined to be similar enough to the target year to satisfy the study goals. More recent year estimation requires deriving final demand and adjusting it to the same year price as the satellite tables, which are prepared in USD 2013. Using the final demand for a more recent year, like 2013, with direct requirements coefficients derived from the industry exchanges and value added in the Make and Use tables from an earlier year, like 2007, is not uncommon in input-output analysis (Miller and Blair, 2009 ). This approach assumes that a USD 2007 $input/$output requirement is a good approximation of a more recent year, and is referred to as a current price approach (Miller and Blair, 2009 ). This approach is in contrast to a constant price approach in which the values in the Make and Use tables are adjusted to the same year currency, which in this case would be the 2007 tables in USD 2013 $input/$output.
To explore changes in the structure of the US economy from 2007 to 2013, as reflected in the input-output tables, we performed an analysis comparing published 2007 and 2013 US input-output tables at a less-resolved level of sectors (71). Our analysis and findings, including the high correlation between 2007 and 2013 direct requirements (R 2 ¼ 0.96), are described in SI 1. This finding is also consistent with previous studies of structural change in the US economy that have shown that the structure is slow to change, particularly within a short period of time (e.g. Carter, 1970) . The high correlation of the 2007 and 2013 direct requirements suggests that the 2007 structure model is largely appropriate for 2013. We also tested a constant price approach, by adjusting the 2007 direct requirements to 2013 dollars (see SI 1), but found this approach for the 71-sector data did not yield any better correlation than the current price approach. Our conclusion mirrors the recommendation by Miller and Blair (2009) to use the current dollar approach, because it generally yields more stable input/output coefficients. Ideally, USEEIO would use the more current IO tables e were they available e to increase the accuracy of input structure and modeling of indirect impacts. The drawback of using data on resource use and emissions normalized by output in a different year than the direct requirements is that the inputs to making a commodity may not temporally match the emissions and resources associated with that process. This can lead to potential errors in modeling of indirect, supply-chain impacts, if the input structure for the production of a particular commodity changes significantly. However, the benefits of using the most current environmental data outweigh the drawback of this potential imbalance. Take for instance, the US electricity sector between 2007 and 2014, which has experienced changes in input structure and emissions. The US grid reduced generation from coal from 48.4% to 38.7% and increased generation from natural gas from 21.6% to 27.5%, and wind from <1% to 4.4%, among other minor changes (USEPA, 2017). Due to fuel source changes but also other industry changes such as increased emission controls, the NO x , SO 2 and GHG emission intensities decreased 41%, 64% and 12% respectively from 2007 levels. USEEIO captures the more recent changes in emissions in this sector, which are particularly important to accurately model in that they potentially contribute to a number of environmental impacts, as reflected in the hospital example. Using 2007 emissions data would miss these changes and lead to less accurate modeling of potential environmental impacts of current conditions, which is the principal goal of the model. In the same light, USEEIO can, through use of more current environmental data, provide a more accurate measure of total resource use and emissions in the US economy if final demand is set to equal economy totals from a consumption or production perspective. It should be noted that in the documentation, the data quality of the technosphere flows reflects this current lack of high temporal correlation in the model metadata.
Including confidence intervals on flow amounts is valuable for use in uncertainty or variability modeling. It is still not common to evaluate uncertainty in EEIO models because there are no established methods for doing so, but USEEIO offers the extensive data quality information as an alternative. It is not recommended the data quality scores be used for quantitative uncertainty analysis (see Edelen and Ingwersen, in review) , but they can be used for identifying potential weaknesses in underlying data both from the "bottom-up" through review of data quality of particular exchanges and from a results-oriented perspective, to indicate the data quality of the inventory data driving the results.
Conclusions
This paper presented the USEEIO model, a new and transparent environmentally-extended input-output model of the US. USEEIO includes several major improvements on its predecessors. USEEIO provides an up-to-date picture of environmental aspects of the US economy with most of the environmental data reflective of 2013 conditions. In comparison to previous models, USEEIO covers more environmental releases with improvements to nutrient releases which include industrial sources and wastewater treatment plants omitted from earlier models, water discharges, comprehensive mineral use, renewable energy use, industrial and commercial land use, and more detailed characterization of pesticide releases to air, water, and soil. Understanding the sources of differences between results for emissions in previous EEIO models of the US such as CEDA and openIO when they used the same data sources was not possible due to lack of adequate documentation, but the sector hotspot example showed how with USEEIO it is possible to understand and find in the original data the source of a value and assumptions behind it. The previous models restricted their data year to the most recently available year for the detailed input output tables. However, USEEIO integrates more recent economic and environmental data to be more relevant for current decision making. The scope, preparation, model builder, and formatting in standard templates and as software-ready LCI are novel for EEIO models. Extensive data quality assessment was performed and data quality scores are included in the dataset to increase understanding of data quality for use in interpretation. Considering these improvements and the quality of US government statistics, USEEIO is arguably the most comprehensive, transparent, and reproducible national EEIO model to date.
USEEIO supports EPA's prioritization of opportunities to manage goods and services more sustainably using a life cycle approach. However, as with EEIO models in general, it can be applied as a systems approach to address many other environmental questions. Moreover, estimates of resource use and emissions by different industries in USEEIO may shed light on individual environmental problems. The complete coverage of nutrient emissions, for example, helps identify the major direct emitters, which may lead to more effective policy design or improvement opportunities.
There is continuous effort at EPA to make USEEIO more comprehensive and up-to-date. Currently, the use and end-of-life management phases for commodities consumed by US households are being incorporated into USEEIO, and regionalized versions of the model are being constructed. As economic and environmental data sources are updated, USEEIO will in turn undergo periodic updates.
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